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Abstract The prevalence of stress and depression is
rising among students. Current research acknowledges that
academic burden is a source of stress for students and
evaluates physiological parameters during academic
activities by deliberately introducing stressors or stress.
Nonetheless, schoolgirls perceive sexual, physical, and
emotional abuse as the primary source of stress nowadays.
This study gathered information from fifty schoolgirls via
an in-house oral questionnaire to identify those concerned
about academic pressure and maltreatment. This
questionnaire was designed to disclose the psychological
state through oral, behavioural, and physiological
responses without instigating stress unnaturally. The
prepared dataset was analyzed using multinomial logistic
regression, decision tree (C4.8), Naive Bayes, and k-NN
algorithms for three-class classification (normal, academic,
and abuse stress). The weighted average F1-score of the
leading models from each classifier was 89.9%, 89.2%,
89.5%, and 88.6%, respectively. The results indicate that
logistic regression performs marginally better than other
methods. When separating normal and academic stress
samples, the same classifier achieves an F1-score of 94.9%
and 69.0%, respectively. In identifying the abuse stress
classes, k-NN achieved the maximum F1-score of 88.8%.
In addition, the normal, academic, and abuse stress classes
achieved sensitivities of 98.4%, 65.4%, and 98.4% and
specificities of 71.7%, 98.4%, and 100%, respectively. The
categorisation models constructed from the research can

identify schoolgirls with internalised conflict for earlier
intervention.

Keywords Stress, Abuse, Wearables, In-House
Questionnaire, Schoolgirls, Classification, Machine
Learning

1. Introduction

Everyone encounters the challenge of stress, which
results in physiological, behavioural, emotional, and
structural changes [1]. There are two types of stress: acute,
which lasts for a short period, and chronic, which lasts
longer [2]. The stressor usually determines the severity of
the stress. This stressor is a threat to a creature, and the
reaction to the threat is the stress response generated by the
central nervous system [3]. Stressors may be, for instance,
poverty, unemployment, work pressure, family troubles,
marriage problems, study load, war conditions, parental
concerns, social media, and harassment [2]-[6]. When
stressed, changes will occur in the individual's neurological,
cardiovascular, immunological, and endocrine systems.
These changes subsequently produce the stress response,
which releases the hormones as energy. This energy is then
delivered to the organs via increased blood pressure (BP)
and heart rate [3], thus causing a rapid heart rate (HR) and
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perspiration in stressed people [7]. Moreover, the intense
and enduring stressors may result in physical and mental
health problems [3], [8].

Globally, students experience stress and, for instance,
relationship troubles [2], [9], financial concerns [2], [9],
[10], fear about their future and profession [9], [11], family
issues [2], [10], [11], change of surroundings [12], social
media [13], [14], COVID pandemic [15]-[17], academic
burden [2], [9], [11], [16], [18]-[22], primarily written
[23]-[26] and oral examinations [27], research defence
[28], training [29], are all regarded to be the contributors
for student's stress and mental health concerns. However,
numerous studies [9], [11]-{13], [30], [31] cite academic
burden as one of the causes of stress affecting students'
mental health, and some studies [2], [12], [32]-[37] cite it
as the primary cause.

Generally, researchers adopt a few techniques to obtain

participant data to detect academic and other forms of stress.

As machine learning (ML) techniques have gained
popularity in the healthcare industry [38], data are analysed
using ML to classify stressed individuals. The literature on
the classification of student stress via ML raised some
concerns among the authors of this study. Prior research
has primarily focused on undergraduate and graduate
students, with no work on the perspectives of school
students' stress. Schoolgirls, in particular, incur tremendous
stress, and the number of girls suffering from poor mental
health is increasing [38]-[42]. Furthermore, research
indicates that female students are more stressed than male
students [12] [43]-[47]. Therefore, stress evaluations of
schoolgirls using machine learning are necessary.

Second, studies that built an ML model to detect student
stress and depression focused on academic stress. Still, TV,
print, and web publications reveal many sorts of school kid
maltreatment. Researchers also report that abuse and
harassment are prevalent among female pupils [48]-[52].
Since sexual and other abuse is seldom reported,
researchers underestimate its role in student stress and
suicidal thoughts. Schoolgirls subjected to such pressure
develop anxiety, which manifests physically as stress and
eventually becomes internalised. This internalised
personality of schoolgirls affects their academic
performance, renders them unsociable with family and
friends, and drives some to suicide [9], [41], [42], [48],
[52]-[54]. Thus, recognising sexual and other abuse as a
source of student stress is essential for early detection and
treatment.

Third, the researchers used non-natural stress-inducing
procedures; however, how closely these techniques match
genuine stress for stress detection is unknown. Lastly,
behavioural assessment has been neglected in the existing
research to acquire data for stress evaluation. Personality
psychology recommends observing a person's behaviour in
order to determine who he or she is. No single source
(wearable devices, self-report) provides a transparent view
of a person's personality [55]. Therefore, the inclusion of
behavioural information may improve the classifier's

efficacy. These considerations prompted the authors to
make a novel effort to collect behavioural data from the
schoolgirls through observation and physiological data
using wearable devices in real-time. At the same time, the
girls orally answered a questionnaire designed to assess
academic and abuse stress with the greatest sensitivity
possible. The main objective of the research is to assist the
schools, parents, and professionals in determining whether
schoolgirls are stressed academically or due to abuse.

The paper's organisation includes the following sections:
Section 2 describes the related work. Section 3 covers study
methodology, data collection, and analysis. Section 4
discusses findings, while Section 5 concludes the paper.

2. Related Work

This section summarises the procedures used by
researchers in identifying or classifying stressed or
depressed students using ML techniques. The summary
includes the tools, stimuli, wearable devices, research
procedures, participants, and parameters used in the
existing work, along with the results and gaps.

In [23], EEG characteristics were extracted when
students saw the Chinese face system, which includes
images of humans expressing different emotions. Beck
Depression Inventory (BDI) Scale labels were used to label
students a few days before the exam. In experiments
employing the collected data, (k- Nearest Neighbor) k-NN
surpassed RF (random forest), nawe Bayes (NB), support
vector machine (SVM), and logistic regression (LR) with
99.1% accuracy. However, image-induced stress must be
better defined. Another study [20] examined electrodermal
activity (EDA) and skin temperature (ST) in
undergraduates wearing the Affectiva Q sensor.
Participants' phone usage, location shifts, and survey data
were collected over 30 days. The participant's happiness,
vitality, health, alertness, and stress were examined, and the
ensemble classifier performed well with 70% accuracy.
However, phone usage statistics may not be able to predict
happiness in all people.

Interestingly, [27] evaluated ultra-short-term heart rate
variability (HRV) from 42 university students using ECG.
Data was collected during students' oral exams to measure
stress. Stress and rest conditions were classified using
AdaBoost (AB), SVM, NB, C4.5, and multilayer
perceptron. The decision tree (DT) using C4.5 had the best
area under the curve with 79% accuracy. The tiny sample
size and risks of ultra-short-term HRV in real-world
situations are drawbacks of this technique. Blood volume
pulse data with Empatica E4 was gathered from the
postgraduate students who were examined if they were
stressed during defences with and without an audience [28].
The extreme learning machine (ELM) classifier classified
the labelled data based on student self-report with 91.93 %
accuracy. The research found that students felt agitated
during defence with an audience; however, this stress is
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typical and does not last. Another study [18] collected data
from college students during stressful tasks, including the
ice cube exam, singing, and arithmetic, as well as non-
stressful ones like emailing, eating, and relaxing. Their
main goal was to see if wrist-worn devices outperformed
chest-worn devices. RF performed well with an F1-score of
88.8% for the data. The lab study used artificial stress
induction methods, which may not apply to real-world
situations.

A fake snake test [56] produced stress and measured
accelerometer, gyro, and angle data to diagnose
internalised illnesses in youngsters. The carers completed
the questionnaire to help researchers diagnose the children.
Data-derived features classified children with 75%
accuracy using k-NN. However, the study used many
characteristics, and artificial stress inducement doubts the
model's accuracy. RF and neural network methods
predicted exam completion time as a stress metric from
students' mouse-clicking behaviour [25]. However, other
methods may have been employed besides mouse-clicking.
[22] developed a self-designed biosensor to identify high-
performing, low-stress kids. They collected 25 students'
HR, pulse rate, activity, time, and outcomes. The k-means
approach identified stress-management-ready  kids.
However, the self-designed sensor's reliability and
accuracy needed an explanation. [24]'s data set was based
entirely on students' self-reports of mood, sentiments, and
past episodes, despite the authors' claim that it investigated
exam dread and internet use. The stressed pupils were
recognised using RF, NB, SVM, and k-NN. SVM had the
highest accuracy at 85.71%; however, the research protocol
needed improvement.

During their Empatica E4 training simulation, a data set
was created from medical students with ST, HRV, BP, and
EDA [29]. The relaxation and training simulation phases
laid the groundwork for data processing. Using the
collected attributes, the study used k-means to cluster
students with 70% accuracy. This study cannot be used for
students from various fields of study. [26] prepared two
sets of exam data from two times separated by four months.
HRV data from a Bio-beam device and student
questionnaire data were collected. Long Short-term
Memory Network (LSMN) demonstrated 83% accuracy in
binary classification. However, the study is confined to
HRV data. [21] examined college students' stress levels
after the semester using mobile phones and Fitbit data on
sleep and activity count. The ground truth for depression
analysis was the BDI scale. Association rule mining
extracted context-based information to identify sad
students. This research uses only one modality. [19]
collected undergraduate students' galvanic skin response
(GSR), respiratory rate, body temperature, and pulse
oximeter data using custom wearable devices. They
employed physiological data to split students into stress
and non-stress groups by artificially creating stress with an
arithmetic problem. The experiment used SVM, k-NN, LR,
and RF classifiers with different signal features. SVM was

a decent classifier with 98.89% accuracy, but the study only
employed one non-natural stress-generating task.

To measure 25 university students' GSR, an electronic
nose [16] with gas sensors was constructed. The primary
purpose was to measure students' tension during virtual
exams. The GSR data classification accuracy was 100%. In
[57], SVM beat decision trees, NB, and k-NN in classifying
students' stress levels as normal, moderate, or severe.
However, these works [16], [57] focused on young people's
attitudes during COVID, which we have previously passed.
The pupils' stress was assessed using a questionnaire [58],
and RF performed well on the acquired data with 89.72 %
accuracy. However, the study was based only on self-report.
In the study [59], wearable smartwatches were used to
develop a method using a discrete wavelet transform
technique to achieve a balance between high and low-
frequency ECG signals. While the investigation was
limited to non-natural stresses, the naive bayes obtained
96.67% accuracy. There have also been some studies that
used frameworks like deep learning [13] and natural
language processing [60] to analyse student stress with
social media as a cause.

Through a study of the relevant literature, it was
determined that there are only a few works that evaluate
student stress using machine learning. To the author's
knowledge, recent articles have not addressed the issue
since the end of the COVID-19 pandemic. In addition, there
is no work dealing with the stress of female school pupils
using machine learning, and most of the research has yet to
focus on the actual stress experienced by students. Also,
existing research has yet to utilise behavioural observation,
except for [22], which analysed behaviour solely through
mouse tapping patterns.

3. Materials and Methods

The entire procedure began with open-ended interviews
with psychological experts. The information obtained from
the expertise and experience of specialists was used to
develop a questionnaire with separate sections to measure
academic and abuse-related stress. Perceived stress scales
[61] [62], [63] were also utilised to determine the types of
questions to be included and to compute the results.
Afterwards, wearable gadgets such as Fitbit Sense 2 and
blood pressure monitoring devices for measuring the
physiological features of the schoolgirls were selected.

Participants in the study were fifty female high school
students. The selection criteria were female students in the
10th, 11th, and 12th classes aged 14 to 16 who were in good
health and willing to engage in the study. They were chosen
as subjects because various studies show that female
students are more stressed than male students [43]-[47].
Notably, female school students experience abuse or
harassment [48]-[52], both in and out of school. Also, there
is no existing work on analysing schoolgirls' stress using
machine learning. This investigation used students from
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diverse schools and geographic locations. Informed
consent was received from the female students and their
parents.

Three individuals responsible for observing behavioural
changes were trained to collect the data. Instead of
intentionally producing stress or detecting physiological
changes during academic pursuits, the questionnaires were
delivered to the individuals via a chat at their site.
Physiological data such as HR and BP were recorded
throughout the talk, as these parameters help more to
recognise mental disorders [64], coupled with behavioural
traits. The verbal responses provided by the individuals
were also captured. The data-collection process attempted
to follow the psychiatrist's approach by inquiring about the
sentiments or ideas of individuals regarding the specific
topic. Moreover, as the psychiatrist received the reaction
and examined the patient's behaviour, this study monitored
the patient's behaviour and recorded the response. The data
collection process was carried out during three sessions
with separate questionnaires: baseline, academic stress
evaluation and abuse stress evaluation.

It was discovered through data investigation that
physiological measurements and values derived from
observation would identify the condition of stress in
students. All other personal details collected were deemed
to have a negligible influence on the outcome. As a result,
they were all eliminated. Heart rate, systolic BP, and
diastolic BP are numerical data, whereas nervous state and
sweat nature are categorical data. Apart from heart rate, all
other data were measured once during a session and
thoroughly checked for mistakes. The mean value obtained
from the heart rate data measured in each session was used
to replace the missing values for each student individually.

The data analysis findings indicate that physiological
readings and self-report scores correlate with Pearson's
correlation coefficient value 0.61. So, the ground truth was
derived from the self-report score to determine the stress
state.

3.1. Feature Selection and Preparation of Datasets

Several datasets and classifiers were tested to determine
which attribute best classifies occurrences into three
classes. The whole dataset included mean heart rate,
systolic and diastolic BP, nervous state, and perspiration
state, from which further datasets were produced. For
determining each modality's contribution, the datasets were
manually derived: dataset 1 had only the Fitbit device's
heart rate measurements; dataset 2 had only blood pressure

(systolic and diastolic) readings from the blood pressure
monitor; and dataset 3 had only observation-derived
characteristics (nervous state and sweat nature). In addition,
the Weka software's feature selection approaches were
utilised. The method for selecting features includes an
attribute evaluator and a search method.

The attribute evaluator evaluates each feature in the
context of the output class, and the search method tries
various feature combinations to find the optimal
combination for accurately predicting the class. This
experiment analysed evaluators' performance, such as
wrapper subset evaluation (WSE), correlation-based
feature selection (CFS) subset evaluation, correlation
attribute evaluation, and information gain attribute
evaluation, using ten-fold cross-validation on the complete
data set that included samples of all three classes. Search
methods such as Best First (BF) and Ranker were utilised
based on the evaluator's requirements.

The WSE [65] evaluates various feature subsets selected
by the BF search method based on the learning algorithm's
accuracy. The CFS subset evaluation [65] evaluates the
subset of attributes chosen by the BF method based on the
ability of each feature to predict and the degree of
redundancy among the subset's features. The correlation
attribute and the information gain attribute methods
evaluate each attribute by quantifying Pearson's coefficient
and the information gain concerning the attribute and the
class, respectively. Both utilise a ranker search method that
ranks each attribute according to its evaluability [65].

Table 1 summarises the results of the feature selection
methods. The WSE for classifier k-NN and Na'wve Bayes
resulted in the subset with the same features; the other two
have distinct subsets. The best subset of heart rate, diastolic
BP, and nervousness was found with the merit of 44% by
the CFS subset evaluation method. However, the WSE has
identified the subsets with the highest merit, with an
average of 90.2% across all classifiers. Dataset 4 was
derived from the features selected by the WSE for each
classifier, and dataset 5 was from the CFS subset method.
In correlation attribute-based evaluation methods, the
features were ranked in the order of heart rate, nervous,
systolic BP, diastolic BP, and sweat, based on the
correlation between the feature and the class. The first two
features from the order correlate with the class more than
the average (close to 1), and the third, fourth and fifth
features have shallow correlation values close to 0. Heart
rate is highly correlated with 62%, whereas perspiration
correlation is low at 15%. Hence, the first two ranked
features were selected.
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Table 1. Summary of feature selection techniques
Evaluator Search Search Subsets Features selected The merit of the
Method Direction Evaluated best subset found
WSE (LR) Best First Backward 25 Heart rate, Diastolic BP 0.905
WSE (NB) Best First Backward 22 Heart rate, Nervous 0.907
WSE (C4.8) Best First Backward 18 Heart rate, Diastolic BP Systolic BP 0.893
WSE (k-NN) Best First Backward 24 Heart rate, Nervous, 0.901
CFS Subset Best First Backward 21 Heart rate, Diastolic BP, Nervous 0.444
Heart rate (0.62), Nervous (0.57),
Correlation Attribute Ranker Systolic BP (0.21), Diastolic BP
(0.19), sweat (0.154)
Information Gain Heart rate (0.402), Nervous
Ranker (0.238), Diastolic BP (0.066), sweat

Attribute

(0.026), Systolic BP (0.1)

In the information gain attribute method, the information
gain of each feature concerning the class variable is low for
all; however, considering the reasonable values of heart
rate and nervousness were selected, the remaining
attributes that have values very close to 0 were removed.
Through the results, based on correlation and information
gain, the same features were selected, and that formed
dataset 6. The overall results from the feature selection
method imply that the heart rate and nervous state are the
most contributing features for predicting the stress class.

3.2. Classification Approach

In this study, classification was carried out using
multinomial LR, a decision tree constructed with C4.8,
naive bayes, and k-NN classifiers in Weka 3.9.5.
Multinomial LR predicts the probabilities of the classes,
and NB is also a probability-based method that handles all
the features equally. A tree classifier creates a hierarchical
model by selecting an attribute for a root node and then
extending the branches of attributes from that node. Weka
uses the information gain factor to select the root attribute.
In this study, the C4.8 decision tree classifier, an updated
version of C4.5, was used. For classification, the k-NN
depends on the distance between the test and training
samples. Initially, these classifiers were evaluated with
Weka's default settings, and then a few parameters were
altered to determine the performance variation. If the
classifier's performance was inferior, the cost-sensitive
classifier was also investigated to identify the best model
for the dataset. The cost-sensitive classifier allocates
varying costs to the training samples, reducing
misclassification errors in highly skewed classes.
Randomisation was performed on the dataset containing
normal, AC_Stress (academic stress), and AB_Stress
(abuse stress) samples before they were input into the
classifiers. The classifiers were trained and evaluated using
ten-fold cross-validation, in which the entire dataset is
arbitrarily divided into ten segments, nine out of which are

training samples. One is the test sample, and the procedure
is repeated ten times. The weighted average value of the
F1-score, precision, recall, specificity, receiver operating
characteristics (ROC), and kappa were the metrics used for
evaluation. Due to the imbalanced state of the dataset, the
F1-score was used to select the most effective classifier. In
cases of equal F1 scores, the F1 scores for each class were
utilised.

4. Results and Analysis

Weka was used to test the multinomial LR with default
parameters. The results are displayed in Table 2. The
original dataset with all features yielded 90.5% precision,
90.7% recall, and 89.9% F1-score. These values are
marginally more significant than the datasets 1, 4, 5 and 6.
Concerning ROC, dataset 1, containing only the mean HR,
has achieved 88.5%, followed by the original set with a
0.4% difference. Dataset 3, containing characteristics
derived from observation, did not yield desirable results. A
cost-sensitive approach was employed to improve the
classifier's performance on the specific dataset by
increasing the penalty for misclassified samples; however,
the performance did not improve. It demonstrates that
perspiration and nervous characteristics alone are
insufficient for distinguishing between stress states. The
F1-score results indicate that the multinomial LR performs
well on the contribution of all collected features, followed
by dataset 5 containing HR, diastolic BP, and nervous state
values selected by the CFS method. Further, the F1-score
of individual classes indicates that, except for dataset 3, all
others have significantly recognised the three distinct stress
states. The class 'Normal' has received the most significant
samples, producing excellent F1-score values. While the
class 'AC_Stress' results are also satisfactory, the class
'‘AB_Stress' has received the fewest samples, and its results
fall between 40% and 50%. Nonetheless, dataset 1
identifies the '"AB_Stress' state with an F1-score of 80%.
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Table 2. Results from multinomial LR

Precision Recall F1-Score ROC
Dataset (Weighted (Weighted Weighted (Weighted

avg.) avg.) Avg. Normal AC_Stress AB_Stress avg.)
1 (Modality 1) 0.899 0.900 0.889 0.945 0.634 0.800 0.885
2 (Modality 2) 0.667 0.800 0.728 0.888 0.000 0.400 0.624
3 (Modality 3) - 0.873 - 0.932 0.596 - 0.692
4 (WSE) 0.898 0.900 0.891 0.945 0.667 0.500 0.883
5 (CFS) 0.899 0.900 0.895 0.948 0.682 0.400 0.874
6 (Correlation or 0.894 0.900 0.893 0.948 0.667 0.500 0.876
Information Gain)
Original set
(Modality1, 2 and 3) 0.905 0.907 0.899 0.949 0.698 0.500 0.881

Table 3. Results from the decision tree using C4.8

Precision Recall F1-Score ROC
Dataset (Weighted (Weighted Weighted (Weighted

avg.) avg.) Avg. Normal AC_Stress AB_Stress avg.)
1 (Modality 1) 0.892 0.893 0.892 0.939 0.680 0.800 0.754
2 (Modality 2) 0.800 0.433 0.463 0.485 0.375 0.286 0.574
3 (Modality 3) - 0.873 - 0.929 0.609 - 0.672
4 (WSE) 0.872 0.880 0.864 0.934 0.550 0.667 0.682
5 (CFS) 0.887 0.893 0.882 0.945 0.619 0.500 0.711
6 (Correlation or 0.880 0.887 0.873 0.938 0585 0.667 0.716
Information Gain)
Original set
(Modality1, 2 and 3) 0.803 0.733 0.757 0.827 0.451 0.500 0.766

Table 4. Results from naive Bayes

Precision Recall F1-Score ROC
Dataset (Weighted (Weighted Weighted (Weighted

avg.) avg.) Avg. Normal AC_Stress AB_Stress avg.)
1 (Modality 1) - 0.900 - 0.949 0.651 - 0.892
2 (Modality 2) 0.656 0.780 0.713 0.876 0.000 0.000 0.557
3 (Modality 3) 0.872 0.880 0.873 0.932 0.609 0.667 0.699
4 (WSE) 0.895 0.900 0.895 0.944 0.681 0.667 0.884
5 (CFS) - 0.900 - 0.948 0.681 - 0.881
6 (Correlation or 0.895 0.900 0.895 0.944 0.681 0.667 0.884
Information Gain)
Original set 0.880 ; 0.935 0.640 ; 0.880

(Modalityl, 2 and 3)

141
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Table 5. Results from k-NN

Precision Recall F1-Score ROC
Dataset (Weighted (Weighted Weighted (Weighted

avg.) avg.) Avg. Normal AC_Stress AB_Stress avg.)
1 (Modality 1) 0.888 0.893 0.886 0.940 0.636 0.800 0.845
2 (Modality 2) 0.696 0.700 0.886 0.816 0.196 0.000 0531
3 (Modality 3) 0.873 0.698 0.929 0.609 0.000 0.699
4 (WSE) 0.912 0.913 0.953 0.698 0.667 0.835
5 (CFS) 0.869 0.873 0.869 0.927 0.612 0.667 0.831
6 (Correlation or 0.912 0913 0.869 0.953 0.698 0.667 0.835
Information Gain)
Original set 0.847 0.905 0.914 0.582 0.752

(Modalityl, 2 and 3)

Next, the DT was evaluated using C4.8 with the default
parameters and by adjusting the minimal number of
instances per leaf from 2 to 20 and the confidence factor
from 0.25 to 1. In addition, the concept of pruning in
decision trees, which optimises leaf nodes to reduce
overfitting, was enabled. Even though multiple trees with
varying parameters were constructed, the models
developed yielded no acceptable results except the one
from dataset 1. Consequently, the base classifier was
developed as a cost-sensitive classifier by experimenting
with various cost matrices. The optimal results were
achieved with the cost matrix [0, 1, 1; 10, 0, 1; 1, 10, 0], as
shown in Table 3.

Dataset 1, containing only HR values, outperforms all
other datasets regarding F1-score, recall, and precision
with 89.2%, 89.3%, and 89.2%, respectively. In addition,
the F1-score of individual classes is significantly greater
than that of other datasets. Similarly, to the multinomial LR
classifier, this classifier's performance on dataset 3 is
inferior. It trails the initial set by only 1.2% regarding ROC
value. 4, 5, and 6 are the datasets that generated favourable
findings in addition to dataset 1. These data sets contain
features chosen by feature selection techniques. The
finding from DT concludes that the classifier performs well
with only HR values, followed by dataset 5 with HR,
diastolic BP, and nervous state selected by the CFS method.

The results of the NB classifier are presented in Table 4.
The classifier with default parameters performed
reasonably well on dataset 3, with an F1-score of 87.3%, a
recall of 88%, a precision of 87.2%, and a ROC of 69.9%.
The classifier's results on dataset 2 were also considered
good, but it performed poorly in classifying abuse stress
classes. The classifying model on other datasets yielded
poor results; therefore, the cost-sensitive naive bayes was
tested to improve the performance of other datasets;
however, only datasets 4 and 6 (which contain the same
features) performed better with the cost matrix [0, 1, 1; 1,
0, 1; 20, 1, 0]. Even though the F1-score and ROC values
of the cost-sensitive model derived from data sets 4 and 6

are more significant than the base classifier's results on
dataset 3, the cost of the models is compared to select the
superior model. The average cost from the cost-sensitive
model is 0.1, while the average cost from the base classifier
model is 0.12, with a minor difference between them.
Therefore, naive bayes yields significant results for
datasets 3, 4, and 6. It is shown that the NB performs better
on datasets containing features derived from WSE,
correlation, and information gain methods and on datasets
containing behavioural information.

The k-NN classifier was evaluated with various k values
and default parameter values; Table 5 displays the results.
The k value of 1 produced the best results across all datasets.
Regarding the highest possible F1-score value, the original
set has attained 90.5%. However, the model needed to
classify 'AB_Stress' classes effectively. The models on
datasets 1 and 2 have the second-highest F1 score.
However, the model on dataset 1 outperforms the model on
dataset 2, with significant differences in the precision,
recal, ROC, and F1-Score of individual classes.
Consequently, the optimal k-NN classifier model is derived
from dataset 1, with only HR contributing to such results.

4.1. Comparative Analysis of Various Classifiers

After defining the best-performing model for each
classifier, the best-performing classifier needed to be
determined. A comparison was performed to determine the
best classifier and contributing dataset using the weighted
average of evaluation metric values; the resulting graph is
depicted in Fig. 1. Multinomial LR has the highest F1-score
value at 89.9%, followed by NB, DT, and k-NN by 0.4%,
0.7%, and 1.3%, respectively. The dataset containing all the
features (mean heart rate, diastolic blood pressure,
perspiration, and nervousness) yielded the highest F1-score
value. These characteristics were derived from all three
modalities, demonstrating the contribution of each
modality to high performance. In addition, the datasets that
contribute to class prediction must be reliable. In this study,
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the term "reliable" refers to the relevant data that the dataset
contains to predict various stress classes and the extent to
which the classifier makes use of such data to classify
correctly.

Comparative analysis of classifiers
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Figure 1. Comparative analysis of classifiers

The purpose of using kappa statistics and the range of
permissible values is context-dependent. According to [66],
it identifies the correlation between dependent and
independent variables. Some research [19] uses the kappa
value and the range defined by Cohen to estimate the
classifier's effectiveness and the data's contribution to the
best classification, even though Cohen's range is used to
evaluate the reliability of data collected by multiple data
collectors. In this investigation, kappa statistic is used to
determine the classification accuracy of the stress classifier.
According to Fig. 1, multinomial LR obtains the highest
kappa statistic with a value of 0.652, and the classifier
produced these results with the fewest samples. The larger
the examples, the greater the kappa statistic value [66], so
the classifier was retested with the dataset using the
synthetic minority oversampling technique (SMOTE) that
increases the number of samples in a balanced manner,
yielding a kappa statistic of 0.78. According to the
interpretation of Cohen's kappa value, a value between 0.61
and 0.80 indicates data reliability between 64 and 81% [19].
Therefore, the derived kappa statistic indicates that the
classifier can use the dataset to predict stress levels.

The result of the NB is derived from a cost-sensitive
model; consequently, the cost of constructing models with
each classifier is also compared, and the multinomial LR
has the lowest cost. Regarding precision, F1-score, ROC,
and sensitivity, there is only a slight variation between
models, indicating that all classifiers perform well on the
given data set despite LR's slight lead.
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To further comprehend the performance of the various
classifiers in predicting the classes, the sensitivity and
specificity of each class were computed, and the results are
shown in Table 6. The analysis revealed that multinomial
LR, DT, and DT obtained the highest sensitivity of 98.4%
for the 'normal’ class, 65.4% for the 'AC_Stress' class, and
100% for the 'AB_Stress' class, respectively. DT, LR and
both NB and k-NN obtain the highest specificity of 71.7%
for the 'normal’ class, 98.4% for the 'AC_Stress' class, and
100% for the 'AB_Stress' class, respectively. Therefore,
DT outperforms others in sensitivity; implementing DT as
cost-sensitive could be a possible explanation. Regarding
specificity, each classifier contributes to the highest value
of each class.

4.2. Comparative Analysis of Various Modalities

Fig. 2 compares the weighted average F1-score of the
developed models of the various classifiers with the
features from the various modalities. Modality 1 (Fitbit
wristwatch) contributes significantly more to the models
developed by LR, DT C4.8, and k-NN than to the model
developed by NB. The contribution of Modality 2 (blood
pressure monitor) is present in all classifiers; however, the
F1-score values vary from classifier to classifier. DT C4.8's
value is relatively low, above average in LR and NB, and
high in k-NN. Modality 3 (behavioural observation) did not
contribute to the LR and DT scores (C4.8), but the F1-score
in NB and k-NN is relatively high. Nonetheless, the best
multinomial LR and NB classifying models use all three
modalities, whereas DT uses only modality one, and k-NN
uses modalities 1 and 3. Modality 1 contributes the most to
developing the best models for all classifiers, followed by
modality 3, which contributes to developing the best
models for two classifiers, and modality 2, which
contributes alongside other modalities to develop the best
model for one classifier.

Comparative Analysis of Various Modalities
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Table 6. Analysis of sensitivity and specificity
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Sensitivity Specificity
Classifier
Normal AC_Stress AB_Stress Normal AC_Stress AB_Stress
Multinomial LR 0.984 0.577 0.500 0.607 0.984 0.993
DT (C4.8) 0.943 0.654 1 0.714 0.944 0.993
NB 0.967 0.615 0.500 0.643 0.960 1
k-NN 0.959 0.615 0.500 0.607 0.935 1

4.3. Analysis of Academic and Abuse Stress Results

Fig. 3 compares classifiers and outcomes regarding
individual Fl-score values for each class. Because the
"normal” class has the most samples, it was classified with
high Fl-score values and an average of 94% of all
classifiers. k-NN recognises abuse stress samples with a
high Fl-score of 88.7%, followed by C4.8. All of the
classifiers earned an average F1-score of 71%. In
identifying academic stress samples, LR had the greatest
F1-score, followed by C4.8, NB, and k-NN, with an
average value of 67%. The results reveal that all classifiers
could differentiate between academic and abuse stress
samples from the given dataset despite the abuse stress
samples being rather small.
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Figure 3. The effect of classifiers on class identification
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Figure 4. The Effect of modalities on class identification

Fig. 4 depicts the role of modalities in distinguishing
academic and abuse stress samples. According to the data,

modality 1 distinguished the classes with the highest F1-
score values, followed by modality three and modality 2.
According to the results, all modalities could distinguish
between distinct classes.

4.4. Analysis of the Behavioural Observation Data's
Results

Behavioural observation data was deemed essential to
this study, so perspiration type and nervousness were
included in the data collection. The feature selection
techniques employed in the study selected the nervous state
as one of the most crucial classification characteristics. The
perspiration state was not selected and may not distinguish
between the classes. During data collection, those who
reported feeling tense did not perspire but appeared
nervous. Nevertheless, Fig. 4 demonstrates that
behavioural observation was a second factor in identifying
the stress classes 'Normal' (0.932), 'AC_Stress' (0.609), and
'AB_stress' (0.667) F1-score values. In addition, the study's
most influential models incorporate behavioural data.
Consequently, the results indicate that observing behaviour
and adding observed data to electronically collected data
will enhance the classifier's performance.

4.5. Discussion

Today's schoolchildren face numerous obstacles, which
result in mental health issues. It is widely known that
schoolgirls commit suicide, primarily through television,
newspapers, and word of mouth. Initially, the public cited
academic pressure and other factors as the cause of
schoolgirls' suicide, but the media is now emphasising the
role of harassment and sexual abuse. The media depicts the
victims' parents stating that their daughters were normal
before their suicides and friends stating that the victims
were not as social as they once were. This issue requires
everyone's attention. Stress awareness should be taught to
schoolgirls, and institutions or parents should provide
periodic counselling. Despite the schoolgirls' reluctance to
express their emotional state to others, they must be able to
communicate and comprehend their mental health. As a
modest contribution to the schoolgirl community, this
study aimed to identify stressed schoolgirls using machine
learning models. To accomplish the task, an in-house
guestionnaire was developed to assess academic and abuse-
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related stress based on the knowledge gained from
psychological experts and the literature concerning
perceived stress scales. Instead of obtaining a written self-
report, this study collected the participants' responses to the
queries through a conversation.

Following the recommendations of the psychological
specialists, the research aimed to use simple wearables to
measure their heart rate and blood pressure. Some students
may not convey their emotions through self-reporting, so
the authors decided to measure physiological changes
during a conversation using wearable devices. However,
school students were reluctant to wear chest-worn devices
or devices with threatening appearances, so simple and
familiar devices were used.

The traditional method of monitoring the participants'
behaviour during their conversation about the specific

context was also employed to gather additional information.

The study protocol was developed, and data from fifty
schoolgirls was collected. After data collection, participant
feedback was obtained to determine if the participants were
comfortable wearing the devices and were not constrained
while answering the questions. Unsurprisingly, the
feedback revealed that every student felt comfortable and
that the procedures were satisfactory. Therefore, the
acceptance rate for the data collection method and
apparatus is one hundred per cent.

However, the collected data could not express the
specified range of heart rate and blood pressure values to
identify stressed pupils. This prompted the authors to
consider the self-report as a ground truth for analysing the
stress classes, which led to the creation of a dataset
containing independent variables and the dependent
variable. The number of datasets derived from the complete
dataset depends on the data acquisition modality and
feature selection methods. According to the utilised feature
selection methods, the heart rate and nervous state
characteristics gleaned from behavioural observation were
the most important features for classification. The
classifiers LR and decision tree using C4.8, NB, and k-NN
were tested on the prepared datasets. Although evaluation
metrics such as precision, recall, and ROC were assessed,
the F1-score was deemed the best indicator of a model and
the modality that contributed the most to distinguishing
academic and abuse stress.

The result of the experiment signifies that the best
models were created using multinomial logistic regression,
decision trees with C4.8, naive bayes, and k-NN, with
respective weighted average F1-scores of 89.9%, 89.2%,
89.5%, and 88.9%. Due to its 89.9% F1-score, 89.9%
precision, 90% recall, 88.5% ROC, and 65% kappa statistic
derived from all the features, multinomial LR has been
designated the best classifier among these models. It
demonstrates that all the features have contributed to this
significant outcome. The sensitivity for the 'Normal' class
was determined to be 98.4%, 65.4% for the 'AC_Stress'
class, and 100% for the 'AB_Stress' class. The 'Normal'
class had the highest specificity at 71.7%, followed by the

'‘AC_Stress' class at 98.4% and the 'AB_Stress' class at
100%. All classifiers recognised the 'Normal' class samples
with an average F1-score of 94%. LR identified academic
stress samples with the highest F1-score of 69.8%, whereas
k-NN identified abuse stress samples with the highest F1-
score of 88.7%.

Among the three modalities used, the Fitbit heart rate
value contributes the most to classification with a high F1-
score value. Behavioural information contributes the
second most to the classification after wristwatch data,
followed by blood pressure monitor data. It demonstrates
that even though medical-grade devices and sensors aid in
healthcare regarding stress analysis, a psychological
analysis, the traditional method of observing behaviour,
becomes essential.

It may be easy to determine whether a person is stressed,
but it is difficult to determine why. However, in this study,
the in-house questionnaire aims to analyse stress in
academic and abuse contexts without inducing abnormal
stress. The collected data demonstrates a minor variation in
the characteristics that differentiate academic stress from
abusive stress. Different classifiers and modalities
effectively distinguished between academic and abuse
stress, as demonstrated by the study's findings. The kappa
statistic was also calculated and compared; it was 0.64 for
the best classifying model, demonstrating the classifier's
ability to predict the classes from the provided dataset
accurately.

This research can be used to identify stressed schoolgirls.
Numerous studies [2], [13], [67] recommend that the
university administration provide undergraduate and
graduate students with stress awareness, stress
management guidelines, self-guided programmes, and
periodic counselling. Because schoolgirls are young and
must be attentively supervised, it is crucial to adhere to
such regulations. Consequently, schoolteachers, assigned
authorities, and even parents can periodically assess the
stress levels of females with the aid of this research. Any
affordable heart rate measuring device and blood pressure
monitor, which can be found in the majority of our
residences today, can be used in schools and at home with
medical advice. Using the developed machine learning
model, one can determine whether a schoolgirl is stressed
based on her behaviour, heart rate, and blood pressure, even
if she is restrained from expressing herself.

Due to the delicate nature of the research, which involves
themes such as psychological assessment and the stress
experienced by young girls due to abuse or harassment, the
schools that the authors approached to gather data were
hesitant to give permission. Due to the school not being the
designated study region, the researcher faced challenges in
visiting each student's residence and acquiring parental
consent to carry out the operation. Despite being the
recipients of this research, several parents were reluctant to
let their children participate. Therefore, acquiring consent
from participants and parents required a significant amount
of effort. As a result, it contains information solely on fifty
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schoolgirls. The participants had diverse educational
backgrounds, attended various schools, spanned different
age groups, and hailed from different places. However, it is
important to note that the research was limited to a few
specific areas and did not encompass a broader range of
people. Hence, the model's efficacy may have been
enhanced by incorporating a greater number of samples
encompassing diverse geographies and backgrounds.

5. Conclusions and Future Works

This research has collected data to examine the abuse
that schoolgirls experience as a stressor that impacts their
lives. This data would help identify schoolgirls who
conceal abuse and stress-related issues. The research
utilised simple and effective wearable devices to collect
valuable data by differentiating between abuse and
academic stress. With the in-house questionnaire, the
research has also emulated the psychiatrist's technique of
chatting with and monitoring the behaviour of the
individuals. Multinomial LR was chosen as the best
classifier due to its 89.9% F1 score, 89.9% precision, 90%
recall, 88.5% ROC, and 65% kappa statistic. The decision
tree outperforms others in terms of sensitivity, and each
classifier contributes to the highest specificity value of each
class. The acceptability of the study procedures and the
comfortability of the wearable devices were assessed based
on the participants' feedback, and they were 100%.

While the model attains a commendable level of
accuracy, it can be further enhanced to achieve
generalizability by gathering data from a wider range of
individuals with diverse backgrounds and from other
locations as a future endeavour. Conducting a more
comprehensive  evaluation of the participants'
psychological state over several months can provide more
dependable data, which can be utilised in future research.
The utilisation of sophisticated machine learning
algorithms and deep learning approaches can be employed
to produce a more optimised model. Furthermore, the
acquired data can be used to evaluate the intervention
tactics that contribute to increased stress levels among
schoolgirls.
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